Due to increased globalization and uncertainty in business environments, supply chains become more susceptible to disruptions. Therefore, risk management must be designed-in when making supply chain decisions. The objective of this study is to propose a multi-criteria, mixed integer, linear programming model to solve supplier selection and supply chain network-design decisions. We consider supply chain profit, supply dispersion, and supply resilience as objective functions. The proposed model is solved using a non-preemptive goal programming technique with multiple weight sets. We provided a numerical example to illustrate the usefulness of the model.
INTRODUCTION
Supplier selection and supply chain network design are strategic and longterm decisions that are critical to an organization's success. Selecting the right facilities affects supply chain efficiency and profitability (Mendoza et al., 2008) . Once these decisions have been made, disruptions can occur at any time due to several causes, such as bad weather conditions, economic crises, and natural disasters (Atoei et al., 2013) . Due to increased globalization, the selection of countries or locations for facilities are important to business resilience (FMGlobal, 2015) . Dispersion of facilities affects the likelihood and severity of a supply chain to disruptions (Falasca et al., 2008; Rienkhemaniyom and Pazhani, 2015) . For these reasons, redundancy and/or flexibility in a network is important (Atoei et al., 2013) . This paper develops a multi-criteria mathematical model to support supplier selection and supply chain network-design decisions with respect to profitability, supplier-based dispersion, and supplier resilience objectives.  integrated in this study, e.g., multiple sourcing, fortification of some suppliers, extra inventory, backup suppliers, and recovery levels of suppliers. Memon et al. (2015) proposed an integrated grey system theory and uncertainty theory approach to select the best suppliers and determine order quantities. The grey system theory was used to handle possible uncertainty due to a lack of information or lack of clearness about qualitative criteria, while the uncertain theory was used to handle uncertainty of quantitative criteria. The authors used goal programming technique to solve the problem under uncertain demand and lead time. Moghaddam (2015) proposed a fuzzy, multi-objective, mathematical model to rank suppliers and allocate the optimal number of new, refurbished, and final product for a reverse logistics network configuration. The author considered uncertainty in demand, suppliers' capacity, and percentage of returned products. Monte Carlo simulation and fuzzy goal programming were used to create a set of Pareto-optimal solutions.
A supply chain, network design problem usually determines the number, location of facilities, and flows between them. Traditional supply chain network design models emphasized cost/profit, customer responsiveness, and response time (Beamon, 1998; Min and Zhou, 2002) . Relevant global risk issues that were incorporated in the models include tariffs and duties, exchange rate, and income tax (Meixell and Gargeya, 2005) . Recent supply chain network design has broadened in scope beyond just cost efficiency. Major efforts have been devoted to developing supply chain network design models that consider disruptions (Snyder et al., 2006) . Klibi and Martel (2012) proposed a three-phase risk modeling approach for supply chain network design under uncertainty. The authors characterized the future supply chain environment into hazards, vulnerability sources, and exposure levels. A Monte Carlo approach is used to generate plausible scenarios. Atoei et al. (2013) formulated a reliable capacitated supply chain network design model considering random disruptions at distribution centers and suppliers. The authors modeled disruptions using a scenario-based approach and allowed a different range of capacity disruption at suppliers and DCs. Garcia-Herreros et al. (2014) formulated a two-stage stochastic programming model to design a resilient supply chain network considering risk of facility disruptions. A scenario-based approach is used to describe disruption at potential DCs. The objective is to minimize the sum of investment cost and expected distribution cost. Mari et al (2014) presented a mathematical model for designing a sustainable and resilient supply chain network. This study considered four objective functions: cost, carbon emission, carbon footprint, and disruption cost. The model was solved using a weighted, goal-programming approach.
From the review, it is important to incorporate a resilience aspect at both the firm and country level to enhance the resilience of supplier selection and supply chain network design decisions. This paper presents a multi-criteria mathematical model that integrates supplier selection and supply chain network decisions. The model consists of three objectives: supply chain profit, supply dispersion, and supply resilience. The consideration of supply dispersion in this study is motivated by the fact that supply chain network structure has an important relationship to supply chain disruptions (Falasca et al., 2008) and most studies do not explicitly incorporate supply network structure in their decisions. Recently, Rienkhemaniyom and Pazhani (2015) proposed a bi-criteria model to support a supply chain network design problem. The authors incorporated supply density as one of the objective functions. In this model, the number of suppliers to be selected is not limited. The results showed that a supply chain network that primarily emphasizes profit maximization tends to be centralized supplier-based, whereas a bi-criteria model tends to be decentralized supplier-based. In addition, a smaller number of suppliers were selected compared to a bi-criteria model. In this paper, we quantify supply dispersion based on a supply density proposed in Rienkhemaniyom and Pazhani (2015) . We also limit the maximum number of suppliers to be selected. In terms of supply resilience, we incorporate the resilience index of the country where a supplier is located as a supplier resilience parameter. The supplier resilience parameter is based on the resilience index of FMGlobal (2015) , which is quantified from three factors; economic, risk quality, and supply chain. Each factor has three corresponding drivers. The drivers of the economic factor are GDP per capita, political risk, and oil intensity. The drivers of the risk quality factor are exposure to natural hazards, quality of natural hazard risk management, and quality of fire risk management. The drivers of the supply chain factor are control of corruption, infrastructure, and local supplier quality. The scores are bound on a scale of 0 to 100. A high resilience index value is preferable.
The main contribution of this study for supplier selection and supply chain network design model compared to the published literature is its incorporation of supplier-based structure and country resilience into the design.
Mathematical model
This section discusses a multi-criteria mathematical model for an integrated supplier selection and supply chain network design. The research proposes a framework to support decision making as shown in Figure 1 . The following are the assumptions considered in this research: -demands at the retailers are deterministic.
-the candidate suppliers and warehouses are predetermined.
-transportation cost from supplier to plant is included in the purchasing cost.
Objective functions. The proposed supply chain network design model considers three criteria: maximizing supply chain profit, maximizing supply dispersion, and maximizing supply resilience. The objective functions are formulated as follows:
Supply chain profit (z 1 ): supply chain profit is the difference between revenue and total cost, which consists of purchasing cost, fixed cost for opening warehouses, production cost, transportation cost between plants and warehouses, transportation cost between warehouses and retailers, and lost sales cost. It can be formulated as Equation (1). (1) Supply dispersion (z 2 ): supply dispersion is the average distance among suppliers and plants per unit of demand, which is the sum of inter-stage distance between suppliers and manufacturing plants and the intra-stage among suppliers and plants, divided by total demand. To avoid the high concentration of suppliers, the higher average distance among suppliers and plants is preferred. Hence, we maximize the supply dispersion. We quantify supply dispersion as Equation (2). (2) Supply resilience (z 3 ): supply resilience is the total resilience score of suppliers. Countries, where suppliers are located, have different resilience levels to disruptions. If a supplier with a high resilience level accounts for a large amount of material flow, the resilience of the supply chain would be high. Hence, raw material should be allocated to each supplier such that the flow weighted resilience value of the whole supply chain is maximized. We quantify the supply resilience as shown in Equation (3).  where (3)
As mentioned above, the supplier resilience parameter (svar s ) can be obtained from the resilience index reported in FMGlobal (2015).
Constraints.
Supplier capacity: Equation (4) ensures that the quantity of raw materials supplied by suppliers to all the manufacturing plants should not exceed its capacity.
(4)
Inter-stage flow: Equation (5) ensures that the shipment between a supplier and a manufacturing plant meets the minimum requirement and cannot exceed a supplier's capacity.
(5)
Inter-stage flow binary variable: Equations (6) and (7) relate to binary variables for the intra-stage flow of the supplier stage. If both suppliers i and j supply raw material to plant m, the binary variable Sβ ijm = 1 and Sβ' ijm = 0. If one of suppliers i and j supply raw material to plant m, then Sβ' ijm = 1 and Sβ ijm = 0. If none of suppliers i and j supply raw material to plant m, then Sβ ijm and Sβ' ijm = 0. Equation (7) ensures that only one of the above three cases can be true.
(6) (7)
Production capacity: Equation (8) ensures that the total shipment from plant m to all warehouses cannot exceed the plant capacity.
(8)
Material flow between suppliers and plants: Equation (9) ensures that the quantity of raw material shipped to plant m is equal to the quantity of products shipped out of that plant to warehouses.
(9)
Warehouse capacity: Equation (10) ensures that the quantity of products shipped to warehouse w does not exceed the warehouse storage capacity. Equation (11) ensures that only one level of warehouse capacity can be opened.
(10) (11) Product flows between warehouses and retailers: Equation (12) ensures that the quantity of products shipped to warehouse w is equal to the amount of new products shipped out of that warehouse to retailers.
(12)
Demand requirement: Equation (13) ensures that the total quantity of products shipped to retailer c and the lost sales at the retailer c should be equal to the demand at that retailer.
(13)
Number of selected suppliers: Equation (14) ensures that the binary variable SUP s is set to 1, when supplier s supplies raw material to plants. Note that M is a large positive number. Equation (15) ensures that the total number of selected suppliers cannot exceed the maximum limit. (14) ( 15) Non-negativity and binary conditions: Equations (16) and (17) describe non-negativity and binary conditions of the decision variables. 
Solution technique
This paper uses a non-preemptive goal programming (NPGP) approach, which is suitable for solving a model with multiple and conflicting objectives (Masud and Ravindran, 2008) . In NPGP, numerical weights are used to indicate  the relative importance of the objective functions. It is easy to solve, since all objective functions are optimized simultaneously as a single objective (Masud and Ravindran, 2008) . However, the objectives must be scaled, due to the difference in units and magnitude of the objectives (Masud and Ravindran, 2008) . The formulation of NPGP can be described as follows:
Numerical weight of goal i for a non-preemptive GP formulation.
Z i
Objective functions i denoting supply chain profit, supply dispersion, and supply resilience.
IDEAL i Ideal value of objective i. The ideal value of objective i can be obtained by solving a single objective optimization problem (ignoring other objectives). For example, the ideal value of supply chain profit is obtained by solving the problem to maximize supply chain profit ignoring the other objectives.
TARG i Target value of objective i. This value is set by the decision maker based on the ideal value and whether the objective is to maximize or minimize. In this study, we set the target value equal to the ideal value.
Negative deviation from target value of objective i Since all objective functions are maximization, the NPGP objective function should minimize the negative deviation from the target values of all objectives, as shown in Equation (18).
Subject to (Supply chain profit)
(Supply resilience)
To scale each objective, the objective equation is divided by the target value, so that the new right-hand-side value is 1. The scaled objective would be:
Hence, the objective function of the NPGP formulation would be:
subject to real constraints from Equations (4) - (17) and goal constraints from Equations (18) - (23).
Numerical example
This section provides a numerical example to illustrate the supplier selection and supply chain network design decisions of the proposed model. We refer to Rienkhemaniyom and Pazhani (2015) for a four-stage supply chain network, which consists of 20 candidate suppliers, 5 existing manufacturing plants, 25 candidate warehouses, and 100 retailers (see Table 1 ). The geographical locations of those facilities are presented in Figure 2 . Table 1 . List of facilities (Rienkhemaniyom and Pazhani, 2015) .
Region

Suppliers Plants Warehouses Retailers
Region 1 S16 M3 W17 R65-R68
Region 2 S5, S8, S10, S11, S12, S15, S17, S18 Figure 2. Geographical location of facilities (Rienkhemaniyom and Pazhani, 2015) .

Demand at retailers is assumed to follow a uniform distribution between 500 and 700 units. The product price is $900 per unit. Transportation costs from warehouses to retailers are uniformly distributed between $63.75 and $71.25 per unit. Other parameters are summarized in Appendix A.
We first solve the single objective models to obtain the ideal values of the three objectives. Next, we assume that criteria weights are predefined by a decision maker. In this study, we solve the multi-criteria model with three weight sets, as shown in Table 2 . Each case represents the preference towards objectives from a decision maker. For example, in Case 1, we assign the criteria weights to supply chain profit, supply dispersion, and supply resilience as 0.6, 0.2, and 0.2, respectively. It implies that a decision maker gives the highest preference to supply chain profit, and equal priority to supply dispersion and supplier resilience. The results of multi-criteria models are presented in the next section.
To solve the problem, the model is coded using optimization software LINGO 15.0 on a PC with INTEL(R) Core(TM) i5, Processor at 1.60GHz at and 4.0 GB RAM. 
RESULTS
This
section presents the results from a numerical example. Table 3 provides the objective values of the single objective models. For the supply chain profit maximization model (ignoring other objectives), the supply chain profit value is USD 13.1 million, while the supply dispersion and supply resilience are 22.2 miles/ unit and 56.6, respectively. For the supply dispersion maximization model, the supply dispersion value is 241.6 miles/unit, while the supply chain profit is USD 10.6 million, and the supply resilience is 55.7. Maximizing the supply dispersion increases supply chain costs (e.g., purchasing cost, production cost, transportation cost, and fixed cost), which reduces supply chain profit (see Table 4 ). Similarly to the supply resilience maximization model, the supply resilience is 76.1, while the supply chain profit is USD 12.0 million, and the supply dispersion is 21.9 miles/unit.
The results above confirm that these three criteria are conflicting objectives. No supply chain network design solution simultaneously achieves all three decision criteria. Hence, we apply a NPGP approach to generate compromise solutions based on the pre-defined preferences of a decision maker. The last column of Table 3 provides the ideal values of the three objectives: USD 13.2 million, 241.6, and 76.1, respectively. They will be set as target values in the NPGP model. Table 5 presents the list of suppliers and warehouses that are selected for each single objective model. Since we limit the maximum number of suppliers to 15, the profit maximization model and the supply resilience maximization model select 15 suppliers from 5 out of 6 regions. Both models select 3 warehouses. The supply dispersion maximization model selects 15 suppliers from all 6 regions and 7 warehouses from 2 regions. The supply dispersion maximization model completely decentralized the supplier base compared to the other two models. Region 3 Region 4 Region 5 Region 6 S16 S8, S10, S11, S12, S15, S17, S18 S6, S9, S14 S4, S13 S1, S3, S16 S5, S8, S10, S11, S12, S17, S18, S14 S4, S13, S20 S2 S1, S3 S16 S10, S11, S12, S17, S18 S14, S6, S7, S9, S19 S4, S13, S20 S2 Tables 6 and 7 show the results of the non-preemptive goal programming model with different weight sets. Table 6 presents the objective function values and deviations from the target values. Case 1 represents a situation in which a decision maker gives the highest weight to supply chain profit and small equal weights to supply dispersion and supply resilience. Supply chain profit value is USD 12.2 million, which falls short of the target value by USD 1.0 million or 0.08%, while the supply dispersion and supply resilience fall short of their target values by 0.06% and 0.05%. In Case 2, a decision maker gives the highest weight to supply dispersion and small equal weights to supply chain profit and supply resilience. Supply dispersion value is 237.1 (0.02% below the target value), while the supply chain profit and supply resilience are USD 11.5 million and 68.1 (0.12% and 0.11% below their target values), respectively. In Case 3, a decision maker gives the highest weight to supply resilience and small equal weights to supply chain profit and supply dispersion. Supply resilience value is 74.1 (0.03% below the target value), while the supply chain profit and supply dispersion are USD 12.1 million and 229.8 (0.08% and 0.05% below their target values), respectively.
These three cases demonstrate how to obtain the best compromise solutions from the multi-criteria decision problem by varying numerical weights. In this numerical example, the NPGP approach provides compromise solutions that are close to the target values (the negative deviation variables are less than 1%). Table 7 presents the list of selected supplier and warehouse facilities from the NPGP models. In all cases, the models select 15 suppliers from all 6 regions. This is due to the non-zero weight given to the supply dispersion criterion. We observe that 10 suppliers were commonly selected across the three cases (e.g., S1, S2, S4, S6, S10, S12, S14, S16, S19, and S20). This is because their costs, distances, and resilience parameters are applicable to the decision criteria. The selection of warehouses were based on facility cost, transportation cost between plants and the selected warehouses, and transportation cost between the selected warehouses and customers. Figures 3 to 5 present geographical locations of selected suppliers and warehouses of the three weight sets. Tables 8 to 13 summarize material flows and product flows between facilities. Region 5 Region 6 S16 S10, S11, S12, S17 S6, S7, S9, S14, S19 S4, S13, S20 S2 S1 S16 S10, S12, S15, S17 S6, S8, S14, S19 S4, S13, S20 S2 S1, S3 S16 S5, S10, S11, S12 S6, S7, S9, S14, S19 S4, S20 S2 S1, S3 S1  S2  S4  S6  S7 S9 S10 S11 S12 S13 S14 S16 S17 S19 S20 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 3483 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 0 500 500 500 500 500 1604 4597 500 2897 500 500 500 500 3788 5400 500 500 500 500 500 500 500 500 500 500 500 500 4295 500 500 500 500 500 500 500 500 500 500 500 500 S1  S2  S3  S4  S6 S8 S10 S12 S13 S14 S15 S16 S17 S19 S20 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 3483 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 500 1604 500 4597 500 3057 2578 500 500 500 500 3788 500 500 2662 500 500 500 500 500 500 500 500 500 500 4295 500 500 500 500 500 500 500 500 500 500 500 
DISCUSSION
The multi-criteria model presented in this paper allows managers to make decisions with respect to supplier selection and supply chain network design. The manager can evaluate the impact of achievement levels by changing criteria weights, a flexibility offered by the goal-programming approach.
Unlike Rienkhemaniyom and Pazhani (2015) , this study included an additional constraint to limit the maximum number of selected suppliers and an additional objective function that considers country resilience as an objective. Without restricting the number of suppliers to be selected, the proposed model in Rienkhemaniyom and Pazhani (2015) selected 13 suppliers for a supply chain profit maximization model, and selected all 20 suppliers for a bi-criteria model. In this study, we limited the number of suppliers to be selected to 15. Even though the solutions were different, we observed a consistency in choosing the same 10 suppliers (S1, S2, S4, S6, S10, S12, S14, S16, S19, and S20) in all three NPGP models. In addition, order quantities allocated to these 10 suppliers did not vary much (see Tables 7, 9 , and 11). This insight implies the robustness of the solu-tion for the GP model, which is a benefit of the additional constraint to limit the number of selected suppliers.
The NPGP solutions could be provided to the decision maker along with information regarding the achieved value for each objective (see Table 5 ). The results show that resilience can be designed-in when making supplier selection and network design decisions by incorporating them as decision criteria. This should provide the decision maker with good insights into possible alternatives for the final decision.
CONCLUSION
This paper presented a multi-criteria mathematical model to solve an integrated supplier selection and supply chain network design decision. We incorporated supplier-based structure and their countries' resilience as objective functions. This consideration allows supply chain managers to improve their supplier selection and supply chain network design decisions with respect to risk perspective. Non-preemptive goal programming was used to solve the proposed model. It is a widely used technique to handle multiple and conflicting objectives problems. A numerical example was presented to illustrate how to mitigate disruption risk through a supply chain re-design. We also discussed the tradeoffs among different solutions that obtained by varying a decision maker's preference on criteria weights.
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